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Abstract
Activity of GFR/PI3K/AKT pathway inhibitors in glioblastoma clinical trials has not been robust. We hypothesized variations
in the pathway between tumors contribute to poor response. We clustered GBM based on AKT pathway genes and
discovered new subtypes then characterized their clinical and molecular features. There are at least 5 GBM AKT subtypes
having distinct DNA copy number alterations, enrichment in oncogenes and tumor suppressor genes and patterns of
expression for PI3K/AKT/mTOR signaling components. Gene Ontology terms indicate a different cell of origin or dominant
phenotype for each subgroup. Evidence suggests one subtype is very sensitive to BCNU or CCNU (median survival 5.8 vs. 1.5
years; BCNU/CCNU vs other treatments; respectively). AKT subtyping advances previous approaches by revealing additional
subgroups with unique clinical and molecular features. Evidence indicates it is a predictive marker for response to BCNU or
CCNU and PI3K/AKT/mTOR pathway inhibitors. We anticipate Akt subtyping may help stratify patients for clinical trials and
augment discovery of class-specific therapeutic targets.
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Introduction
WHO grade IV astrocytoma or glioblastoma (GBM) are the
most common primary brain tumors and, unfortunately, the most
aggressive. Median survival of patients harboring these tumors is
approximately 14 months. Despite a committed effort to
investigate new chemotherapies, molecularly targeted therapies,
immunotherapies, surgical and radiological approaches, there has
been little improvement over the last 30 years. Inadequate
classification of GBM may have contributed to the difficulty of
developing new therapies by decreasing power of clinical trials and
underestimating benefit of class-specific drugs. It may also have
confounded discovery of class-specific pathways and drug targets.
We know GBM diagnosed by histopathology is a collection of
molecular and clinical subtypes. For example, there are two classes
of GBM based on clinical presentation [1,2]. Primary GBM arise
de novo in older patients and are associated with poorer prognosis.
Secondary GBM are rare (,5-10% of total GBM), progress from
lower grade tumors, occur more frequently in younger patients
with better prognosis and have a different molecular profile.
Studies using gene expression, DNA copy number, miRNA, and
DNA methylation show these molecular characteristics can divide
GBM into subclasses, some with different clinical characteristics
[3,4,5,6,7,8,9]. Three subtypes emerged in early studies of WHO
grade IV GBM (studies that combine histological subtypes or
grades of glioma and use molecular classification to distinguish
them are excluded from this discussion). These were called
proneural (PN), Proliferative (PROLIF) and mesenchymal (MES)
and each had characteristic clinical and molecular features [4].
Later approaches find 3–5 GBM subtypes including the PN, MES
and Classical (CLAS) subgroups [8,9,10,11]. DNA methylation
identifies a subset of PN tumors with glioma CpG island
methylator phenotype (GCIMP) that are younger, longer surviving
and tightly associated with IDH1 mutations [8].
However, molecular classification of GBM is still in its infancy.
There is no consensus on the number of subtypes and which
classifiers best identify them. In addition, there is considerable
reassignment of tumors to different classes depending on classifier
used. We also have little information on which oncogenic
pathways are active in subtypes and how subtypes respond to
standard and experimental therapeutics. These questions need to
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be addressed before molecular classification can be reliably
incorporated into clinical trials and patient treatment.
Alterations in the growth factor receptor/phosphatidylinositol
3-kinase/AKT (GFR/PI3K/AKT) pathway occur in most human
cancers including at least 85% of GBM [10]. Pharmacological
inhibition of the GFR/PI3K/AKT pathway is a promising
strategy for anti-cancer therapy [12,13]. However, while sporadic
responses have been reported, clinical trials of pathway inhibitors
in GBM have been largely disappointing [14]. Analyzing
differences in pathway signaling among GBM subclasses may
clarify and improve development and testing of these agents.
The GFR/PI3K/AKT pathway is complex and nonlinear
having many inputs from other pathways [15,16,17], multiple sites
of feedback regulation [18,19], and a large number of downstream
effectors [20]. Signaling within a pathway may depend upon cell
state, history and environment. AKT is a key node in the pathway.
We hypothesized that AKT pathway variation between tumors
contributes to poor activity of inhibitors in clinical trials. We
developed a list of genes associated with the pathway and asked
whether their expression is sufficient to group GBM cases. Our
data show AKT based subtyping gives at least five GBM
subgroups with distinct molecular features and clinical courses.
The evidence indicates AKT subtyping predicts response to a
chemotherapy agent and GFR/PI3K/AKT pathway inhibitors.
Materials and Methods
Patient Information
The discovery dataset (GBM195) consisted of 181 GBM (WHO
grade IV astrocytoma; (159 primary and 22 recurrent) from 3
datasets [3,4,21] and 14 non-neoplastic samples from 2 sources: (1)
six samples from patients undergoing temporal lobe epilepsy
surgery [3] and (2) eight samples from autopsy specimens of
cerebral cortex from donors with no history of neurological
disorders obtained from the National Neurological Research Brain
Bank (Los Angeles, CA) [4]. Two datasets are in GEO (GSE 4271,
GSE4412) and the third has been submitted. Table S1 lists GEO
ID’s and clinical information for GBM195 tumors. Tissue
collection and processing, pathological review, and microarray
analysis for the discovery dataset (GBM195) has been described
elsewhere [3,4,21]. The validation dataset consisted of 583
samples; 573 GBM (16 recurrent and 3 secondary) and 10 non-
neoplastic samples from The Cancer Genome Atlas (TCGA).
Samples were collected and processed as described [5]. IRB or
Committee on Human Research approval was obtained for
samples used in the discovery and validation datasets as described
[3,4,10,21].
Processing and analysis of microarray data
The PI3K/AKT pathway integrates information on cellular
environment, energy status, stress and developmental stage to
regulate apoptosis, autophagy, translation, metabolism, stem cell
function and cell cycle [20,22]. This involves multiple sites of
crosstalk with other pathways. To capture the full function we
generated a gene list that includes upstream and downstream gene
products that directly or indirectly regulate or are regulated by
AKT. This includes: (1) proteins or members of protein complexes
that bind to, modify or regulate activity or subcellular localization
of AKT (2) proteins or members of protein complexes phosphor-
ylated or regulated by AKT, (3) proteins known to regulate or be
regulated directly or indirectly by AKT (e.g. AKT through
MDM2 regulates levels of TP53 protein). These genes were taken
from: (1) a database of AKT interacting proteins (BOND [23]), (2)
a database of AKT substrates (http://kinasource.co.uk/Database/
substrateList.php) (3) evidence from Pubmed of phosphorylation
by AKT (search term AKT, January 2008), (4) evidence from
Pubmed that a gene regulates or is regulated by AKT either
directly or indirectly (search term AKT, January 2008). Eliminat-
ing the genes with low variability across tumors within the
discovery dataset left the 69 most variable genes used to classify
AKT subgroups in the discovery dataset (Table S2). Five probes
were not present in the validation dataset resulting in 64 of 69
AKT pathway genes applied during validation (Table S2).
We isolated patient subgroups in the discovery dataset using
RMA normalized and median centered data [24]. We applied
consensus k-means clustering with the Pearson’s correlation
coefficient as the similarity (1-distance) and complete linkage with
10,000 iterations using a sub-sampling ratio of 0.8. We then
plotted the consensus distribution function (CDF) to find the
optimal number of AKT subgroups [25]. Silhouette width values
were computed for each sample [26] and only samples with a
positive silhouette width were used in further analyses.
We isolated AKT subgroups in the TCGA validation dataset
using raw data preprocessed as described for the discovery dataset.
TCGA samples were mapped onto AKT subgroups in the
discovery dataset by adapting the k means clustering algorithm.
First, we found boundaries for each AKT subgroup in the
discovery set by calculating the pairwise correlation coefficients
between all samples within a subgroup. The minimum pairwise
correlation coefficient was used as the lower boundary for each
subgroup. TCGA samples were classified by computing the
correlation coefficient between each TCGA and GBM195 sample.
TCGA samples were assigned to an AKT subgroup if the average
pairwise correlation coefficient with members of the group was
greater than the lower boundary of that group. Ties were resolved
by selecting the closest cluster.
Analysis of GO terms
Conventional Gene Ontology (GO) enrichment analysis was
dominated by generic GBM biological processes; therefore we
used a single-sample approach analogous to the method used by
Verhaak and Barbie [10]. To identify GO biological processes
enriched within each individual sample we applied the hypergeo-
metric test with Benjamini and Hochberg’s correction on all
expressed genes (using a two-fold change threshold from the
median to determine up- and down-regulated genes). Neurode-
velopmental terms enriched in . 20% of tumors were considered
for analysis.
Analysis of aCGH data
The GISTIC algorithm [27] was applied to the 456 TCGA
samples with copy number information and results visualized using
the Integrated Genomic Viewer (IGV) [28] to find copy number
alterations (CNA) in the validation set. Broad copy number
alterations in the discovery dataset were found as described
previously [29] using a customized version of the Sanger CNV
database [http://www.sanger.ac.uk/research/areas/humangenetics/
cnv/]. For experiments that compare broad CNA in the discovery and
validation dataset we identified broad copy number alterations in the
validation dataset as follows. Briefly, we found the average q value
(generated from the GISTIC algorithm) for 15 genes spaced evenly
across the region of interest. If. 50% of genes had a q value less than
expected by chance after correcting for multiple testing (q, 0.25), that
region was called as a copy number alteration.
Reverse Phase Protein Arrays
Level 3 (median centered, normalized, Z transformed) reverse
phase protein array (RPPA) data was downloaded from the cBio
AKT Subtypes in Glioblastoma
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Cancer Genomics Portal (http://www.cbioportal.org/public-
portal/). One hundred and eighty six of the 215 tumors with
RPPA data could be assigned to an AKT class and were used for
analysis. Correlation coefficients between two antibodies against
the same protein were high indicating adequate antibody
specificity and pre-processing of data (Pearson correlation
coefficient = 0.83–0.98 for antibody pairs (GSK3A/B pS9/21,
MAPK1, FOXO3, GATA3, S338 p-RAF1).
Statistics
Differences between one subgroup and the rest were assessed
using the F test for clinical variables and the likelihood ratio test for
categorical variables. The Bonferroni method [30] was applied to
correct for multiple hypotheses. We applied the Tukey HSD test to
find pairwise differences between groups and correct for multiple
comparisons [31]. Survival differences between subgroups were
assessed using the Chi-squared test. Age was added to build a
multivariate Cox model. For survival comparisons of BCNU/
CCNU treatment between subgroups there were not enough
observations to correct for age. After deleting all observations
younger than 45, survival was no longer related to age.
Significance was then determined using log rank. The Pearson
goodness-of-fit test was used to assess the null hypothesis that
proportions of G-CIMP tumors by subgroup and recurrent tumors
by subgroup are equal to the proportions for all tumors by
subgroup. P-values for these tests were calculated by Monte Carlo
simulation since the counts of tumors by subgroup were too small
to apply the large sample chi-square approximation. If the null
hypothesis was rejected, then standardized residuals were used to
determine which subgroups showed significant differences.
Figure 1. AKT pathway gene expression classifies GBM. (A) Consensus heat maps for k = 5 to 8 generated with AKT pathway genes in the
discovery dataset (GBM195). Red indicates total consensus (consensus index of 1) while white indicates no consensus (consensus index of 0). (B)
Silhouette scores for k = 5 to 8 were calculated as described [26]. Samples with negative silhouette scores were removed in all further analysis. (C)
Consensus CDF for k = 2 to 10. (D) Effect of k on survival differences between subgroups. Kaplan Meier curves of patient subgroups were generated for k
= 2 to 10. For each k, Bonferroni corrected log rank p values were generated by pairwise comparison of subtypes. The smallest pairwise p value for
each k is plotted.
doi:10.1371/journal.pone.0100827.g001
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Results
AKT pathway gene expression divides GBM into at least
six subgroups
We investigated AKT pathway variations in GBM by develop-
ing a list of AKT pathway genes (Table S2) then applying
consensus clustering for the number of clusters k = 2 to 10 (Figure
S1; figure 1A shows results for k = 5 to 8). We evaluated cluster
stability using the consensus cumulative distribution function
(CDF) plot of the consensus index (figure 1C) [25]. Cluster stability
increased for k = 2 to 6 but not appreciably for k . 6 (figure 1C);
suggesting six is the optimum number of GBM AKT subgroups.
Silhouette width values were computed for each sample [26]
(figure 1B) and samples with a positive silhouette width were
selected for further analyses.
We aim to have a classification system where clinical differences
are maximized. Here, we investigated how survival of patient
subgroups varies with k. Figure 1D plots the corrected p value
between the longest and shortest surviving subgroups for each k. p
values were low for k = 3 and 6; k = 6 was the lowest (figure 1D).
This supports the CDF results selecting 6 clusters. The 6 consensus
k-means subgroups were named cluster 1 (C1), proneural (PN),
mesenchymal (MES), classical (CLAS), secondary-like (SL) and
proliferative (PROLIF) based on their molecular and clinical
features and prior naming [4,32].
Validation of AKT subgroups in an independent dataset
We next validated AKT subgroups in an independent dataset of
non-overlapping samples. TCGA samples were mapped onto
discovery AKT subgroups by assigning a sample to the closest Akt
subtype, as described in the methods section. Only two samples
were assigned to AKT subgroup C1, therefore this subgroup was
dropped from all further analysis. Figure 2 compares AKT
pathway gene expression in the discovery (figure 2A) and
validation (figure 2B) sets. It shows the pattern of expression of
AKT pathway genes within subgroups is similar in both datasets.
Interestingly, the PN subgroup in both datasets contained all non-
neoplastic samples (not shown). We examined expression of AKT
pathway genes in subgroups (Figure S2). These data show AKT
classes arise from complex patterns of gene expression in
subgroups. It did not point to a role for a specific part of the
AKT pathway within any subgroup.
Figure 2. Validation of AKT subgroups in an independent dataset. AKT pathway genes in discovery (A) and validation (B) datasets have similar
patterns of expression in subgroups. Tumors in the discovery and validation set were first grouped by AKT subgroup membership then ordered by
correlation coefficient. AKT gene order in the discovery set was determined by one-way hierarchical clustering and retained in the validation set.
Discovery (C) and validation (D) datasets have similar DNA CNA. The percentage of patients in the discovery (A) and validation (B) datasets with copy
number gains or losses in chr7, 10 and 19q is shown.
doi:10.1371/journal.pone.0100827.g002
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We next investigated correspondence between copy number
alterations (CNA) in AKT subgroups from discovery (figure 2C)
and validation (figure 2D) datasets. The PN subgroup was omitted
since it had no CNA information in the discovery dataset. CNA
within subgroups were similar in the discovery and validation
datasets: a high percentage of tumors with 7gain/10 loss occurred
in every subgroup except SL, the SL subgroup had greater
frequency of 19q loss and the CLAS subgroup had increased gain
of chr19q relative to the rest. Therefore all subgroup-associated
trends in CNA within the discovery dataset were recapitulated in
the validation dataset.
TCGA, Phillips and G-CIMP subgroups distribute non-
randomly in AKT subgroups
Phillips, TCGA and G-CIMP subgroups distributed non-
randomly in AKT subgroups (Figure 3A, B and C; Tables S3
and S4). There was a tendency for AKT subtyping to split each
Phillips subgroup in two. The AKT PN and SL subtypes were
significantly enriched in the Phillips PN subtype (Figure 3A, Table
S3; p , 0.5 Bonferroni corrected). The AKT MES and CLAS
subtypes were significantly enriched in Phillips MES subtype
(figure 3A, Table S3, p , 0.5; Bonferroni corrected). The AKT
PROLIF subtype was significantly enriched in the Phillips
PROLIF subtype (Figure 3A, Table S3; p , 0.5; Bonferroni
corrected). The enrichment of Phillips PROLIF tumors in AKT
C1 subtype did not reach significance. AKT subgroups had less
concordance with TCGA subgroups [10]. AKT SL and PROLIF
subtypes were significantly enriched in TCGA PN subtype; while
AKT MES and CL subgroups were enriched in the TCGA MES
and CL subtype, respectively (Figure 3B, Table S4; p , 0.5;
Bonferroni corrected). The AKT PN subtype was a mixture of all
the TCGA subgroups. The AKT SL and PROLIF subgroups
contained the majority of G-CIMP tumors (figure 3C). Taken
together these data show AKT classification divides existing
subgroups further.
Patients in the SL subgroup are younger and have longer
survival
AKT subgroups have different clinical characteristics (figure 4B
and D; Table S3 and S4). SL patients in the discovery dataset had
longer median survival (3.9 vs. 1.05 yrs.; p = 0.0005; figure 4b;
SL vs. the rest) and were younger (median age = 38 vs. 49; SL vs.
total; p = 0.05 using Tukey HSD test to correct for multiple
comparisons; Table S3). After adjusting for age in Cox multivar-
iate analysis, SL status remained a significant predictor of survival
(p = 0.027; SL vs. the rest). The PROLIF subgroup had
statistically significant shorter survival than the rest (0.75 vs.
1.25 yrs.; p = 0.0029; figure 4B) although age of these patients
was not different than all patients (median age = 49 vs. 49 years;
PROLIF vs. total; Table S3). Although the magnitude was
diminished, a similar trend was observed for SL patients in the
validation dataset for survival (1.67 vs. 1.1 yrs.; p = .003 SL vs.
rest; figure 4D) and age (median age = 49 vs. 59 yrs.; p = .07; SL
vs. total, Table S4) although the age difference was not statistically
significant. In comparison, patient subgroups defined using Phillips
(figure 4A) and TCGA (figure 4C) methods using the same
database have no statistically significant differences in survival.
Consistent with the less aggressive character of SL tumors, there
was a trend toward decreased endothelial proliferation (46% vs.
66%; p = 0.017 vs. rest; uncorrected), and palisading necrosis
(10% vs. 51%; p = 0.07 vs. rest; uncorrected) in the validation
dataset (Table S4). There were similar trends in the discovery set
although they also did not reach significance (Table S3). Taken
together these data show subgroups in the discovery and validation
datasets have similar clinical features. It also shows AKT subtypes
have distinct clinical characteristics.
Evidence AKT subtyping is a predictive marker for
sensitivity to BCNU/CCNU
Survival differences between subgroups suggest AKT subtypes
are either prognostic or predictive (forecasts tumor aggressiveness
or response to therapy, respectively). Since AKT influences
response to chemotherapy [33], we hypothesize AKT subgroups
are predictive markers. Indeed, TCGA SL patients treated with
BCNU or CCNU had longer median survival than those receiving
other treatments (figure 5; median survival = 5.8 vs. 1.05 years; p
= 0.03 after correcting for age; log rank). Those receiving BCNU
or CCNU were older and had less IDH1 mutations than those that
didn’t (median age = 54 vs. 49 years; % with IDH1 mutations =
Figure 3. Previous classification systems distribute non-
randomly in AKT subgroups. Distribution of Phillips (A), TCGA (B)
and G-CIMP (C) subgroups in AKT subgroups.
doi:10.1371/journal.pone.0100827.g003
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17% vs. 32%; with vs. without BCNU/CCNU respectively);
indicating age and IDH1 mutation status do not account their
increased survival. This finding indicates patients in the SL
subgroup are sensitive to BCNU and CCNU.
Subgroups have distinct genomic alterations
We used TCGA data to investigate how molecular alterations
partition in subgroups. All subgroups had unique broad (figure 6A;
Figure S3) and/or focal (Table S6 and S7) DNA CNA. The CLAS
subtype was enriched in broad CNA previously associated with
more aggressive tumors such as loss of chromosome regions 6q
and gain of 19q and 20q [34](figure 6A). The SL subtype was
enriched in broad CNA associated with better prognosis (loss of
19q; figure 6A) [34]. Each subgroup had unique focal CNA (Table
S6 and S7). This data shows AKT subtyping groups tumors with
similar molecular characteristics.
An integrated analysis of mutations, CNA and mRNA
expression in glioma-associated genes shows some AKT subgroups
had similar features as TCGA subgroups (figure 6B). The AKT
CLAS subgroup was significantly enriched in alterations in EGFR
and CDKN2A similar to TCGA CLAS subgroup [10]. The AKT
MES subtype was characterized by mutations in NF1 and RB1
and increased mRNA for the mesenchymal marker, MET, similar
to the TCGA MES subgroup [10], although these did not reach
statistical significance. The SL subtype was enriched in IDH1
mutations (42% vs 3% SL vs. rest) and GCIMP (47% vs. 4%; SL
vs. rest) although only the enrichment in IDH1 mutant tumors was
significant. The PROLIF subtype was also slightly enriched in
IDH1 mutations (11%) in this dataset containing 218 validated
samples. However that dropped to 7% when considering all
TCGA tumors with IDH1 mutation information (not shown).
Both the SL and PROLIF subgroups were also enriched in
alterations found more frequently in secondary tumors including
TP53 mutations and increased mRNA and CN gains for
PDGFRA. The PROLIF was distinguished from SL subtype by
an increase in mutations and copy number alterations in EGFR
and CDKN2A (figure 6B) and enrichment in recurrent tumors
(18% vs 8%; PROLIF vs rest; Table S4). Genomic alterations in
other RTK/RAS/PI3K/AKT pathway members were either not
significantly enriched in any subgroup (PTEN, PIK3R1, MET,
SPRY2; figure 6B) or the frequency was too low to evaluate
(ERBB2, KRAS, NRAS, HRAS, PIK3CA, FOXO1, FOXO3,
AKT1, AKT2, AKT3; not shown); although MET mRNA was
enriched and SPRY2 mRNA was low in the MES and CLAS
subtypes, respectively (figure 6B). Taken together these data
suggest involvement of oncogenic and tumor suppressor pathways
can differ between subgroups.
Subgroups have distinct patterns of expression for PI3K/
AKT/mTOR components
We find subgroups have distinct patterns of expression of
mRNA (figure 7A), protein and phospho-proteins (figure 7B) for
Figure 4. AKT subgroups are prognostic. Kaplan Meier survival curves plotted for Phillips (A) and AKT (B) subgroups in the discovery dataset and
for TCGA (C) and AKT (D) subgroups in the validation dataset. Log rank p value = 0.0005 (B; SL vs. rest); 0.0029 (B; PROLIF vs. rest) and 0.003 (D; SL vs
rest). Survival differences did not reach significance in (A) and (C).
doi:10.1371/journal.pone.0100827.g004
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PI3K/AKT/mTOR pathway components. The most notable
patterns were in the MES and SL subgroups. The MES subtype
had decreased expression for inhibitors of mTOR, AKT and PI3K
(TSC2 and p-AMPK protein; TSC1, TSC2, PHLPP1, PHLPP2
and PI3KR1 message). Consistent with increased activity of the
AKT/mTOR/S6 axis, this subgroup also had elevated p-S6
(figure 7B) and a high positive correlation between p-AKT and p-
S6 (figure 7C). The long surviving SL subgroup had the opposite
pattern of expression; high expression of AKT and mTOR
inhibitors (figure 7A and B), decreased expression of pS6 (figure 7B)
and lower correlation between pAKT and pS6 (figure 7C). Our
proposed pathway map for the MES and SL subgroups (7D) based
on this data posits how expression of pathway inhibitors affects
output of the AKT/mTOR/S6 axis. This data indicates
subgroups will have different sensitivities to pathway inhibitors.
GO terms suggest subgroups have a different dominant
biological process and cell of origin
We used Gene Ontology (GO) to investigate the biological role
of genes expressed in tumors and how terms partition in
subgroups. Each subgroup, except CLAS, had a high percentage
of tumors with functionally related terms that suggested a different
dominate biological process (Table S5). The CLAS subgroup had
a mixture of terms. Each subgroup also had GO terms associated
with neurodevelopment (Table S5; highlighted dark grey; sum-
marized in figure 8B). The PN and CLAS subgroups had only
terms associated with neurogenesis suggesting a committed neural
precursor cell of origin. The MES, SL and PROLIF subgroups
had terms associated with both neuro- and glio-genesis suggesting
a stem cell or early uncommitted progenitor cell of origin. These
data suggest the cell of origin and dominant biological process can
differ in subgroups.
Discussion
The major finding is that AKT pathway genes classify GBM
into at least five patient subgroups with unique clinical and
molecular characteristics. The results were validated in an
independent dataset of non-overlapping samples, suggesting
AKT classes reflect underlying structure in the data and do not
arise from chance or technical artifacts such as batch effects and
patient sampling. Taken together these data add to previous results
suggesting histopathologically diagnosed GBM is a collection of
molecular subgroups with fundamental differences in biology and
clinical behavior. This approach advances classification of GBM
by splitting out groups not previously identified by other
approaches and expands our understanding of molecular aberra-
tions underlying subgroups.
We interpret with caution the finding that SL patients treated
with BCNU or CCNU have appreciably longer survival than SL
patients receiving other treatments (median survival 5.8 vs. 1.05
years respectively). Inhomogeneity between the cohorts (including
treatment protocols and institution providing tumor) could impact
survival. However, age and IDH1 mutation status clearly do not
contribute since patients in the longer surviving cohort were older
and had less IDH1 mutations. If validated these results suggest
AKT classification is a predictive marker that identifies a subset of
GBM patients with sensitivity to BCNU/CCNU. Interestingly,
there is a subset of anaplastic oligodendroglial tumors character-
Figure 5. Evidence that SL patients are sensitive to BCNU and
CCNU. Kaplan Meier survival curves for TCGA patients receiving (solid
line) or not receiving (dashed line) alkylating agent (BCNU and/or
CCNU) by subgroup. p = 0.03 after correcting for age (SL subtype; log
rank). n = 6 and 16 for SL patients receiving or not receiving BCNU/
CCNU, respectively.
doi:10.1371/journal.pone.0100827.g005
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ized by 1p19q loss of heterozygosity (LOH) and IDH1 mutations
that significantly benefits from procarbazine, CCNU, and
vincristine (PCV) chemotherapy [35]. This anaplastic oligoden-
droglial subtype shares similarities to the AKT SL subgroup (19q
loss and IDH1 mutant tumors).
Mutations in IDH1 are a common and early event in low grade
glioma, they are present in secondary GBM [36,37,38] and may
cause the G-CIMP phenotype [36,37,38,39]. One third of SL
tumors have IDH1 mutations and CIMP. This subgroup also has
other molecular similarities to secondary tumors (enriched for
genomic alterations in TP53 and PDGFRA), longer survival and a
tendency for less endothelial proliferation and pallisading necrosis
(Tables S3 and S4). These data suggest tumors in the SL subtype
are grade IV secondary tumors or borderline grade III/IV
secondary tumors progressing to GBM. If this is true then genomic
alterations associated with the SL subtype might be used as
markers of progression for grade II/III secondary tumors. These
results also indicate there is a population of GBM without IDH1
mutations that share clinical characteristics and a similar pattern
of AKT pathway gene expression with the IDH1 mutant tumors.
This suggests other paths beside IDH1 mutation give rise to the
IDH1 mutant/CIMP phenotype.
We found distinct patterns of expression for PI3K/AKT/
mTOR components in subgroups. Our results suggest gene
products that inhibit AKT and mTOR are important regulators
of PI3K/AKT/mTOR/S6 axis output. In our model the loss of
AKT and mTOR inhibitors (PHLPP, TSC and pAMPK)
increases output of the AKT/mTOR/S6 axis in the MES
subgroup. Conversely, increased expression of these inhibitors
decreases output in the SL subgroup. In an apparent paradox, p-
AKT expression is low in the MES subgroup. We suggest AKT
phosphorylation is held in check in the MES subgroup by (1)
heightened activity of an mTOR/S6K/IRS1 negative feedback
loop [40,41,42,43] and (2) low TSC1 and 2 expression that
decreases mTORC2 activation and AKT phosphorylation
[42,44]. Our model suggests the MES subtype will be sensitive
to joint inhibition of mTOR and PI3K, but inhibition of mTOR
alone will increase p-AKT. Interestingly, NF1 loss drives mTOR/
S6 hyper-activation via AKT [45,46,47] and the MES subtype is
enriched for NF1 loss. These data suggest subgroups have
variations in AKT pathway signaling that will affect sensitivity to
pathway inhibitors.
How do these results compare with other approaches that use
mRNA to classify GBM? AKT classification is complementary to
previous classification methods but divides GBM into more
subgroups. It gives patient subgroups with statistically significant
differences in survival while Phillips [4] or TCGA [10] methods do
not when using the same database. The performance of the
validation dataset is typically not as robust as the discovery dataset
[48] and this may contribute to our inability to replicate survival
differences seen by Phillips et.al. [4]. Interestingly, there was
higher concordance between AKT classification and classification
Figure 6. AKT subgroups have distinct genomic alterations. (A) Copy number alterations in TCGA AKT subgroups. The GISTIC method was
applied to TCGA samples in each subgroup with copy number information. Data are presented as a G score which is an integrated score of the
prevalence of the copy-number change times the average (log2-transformed) amplitude. The green line shows significance threshold (FDR q values
to account for multiple-hypothesis testing). Regions with subgroup-specific CNA are highlighted in yellow. (B) Distribution of clinical information and
mutations, CNA and mRNA expression for glioma-associated genes in AKT subgroups. The 218 TCGA GBM cases with gene expression, consensus
putative copy number alteration and validated mutation data [55,56] was used for this analysis (The cBio Cancer Genomics Portal; http://www.
cbioportal.org/). Gene expression is represented as z scores calculated relative to diploid tumors for each gene and are the median value of 3 mRNA
platforms (Affymetrix U133A and Exon arrays and Agilent custom array). There was a statistically significant enrichment of IDH1 mutations in the SL
and EGFR and CDKN2A mutations plus CNA in the CLAS subtype (p , 0.02).
doi:10.1371/journal.pone.0100827.g006
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based on survival-associated mRNA used by Phillips et. al. [4]
than most variable mRNA used by Verhaak et. al.[10]. We suggest
classification schemes based on mRNA relevant to tumorigenicity,
like survival-associated and AKT pathway genes, are more
effective at partitioning tumors into clinically and molecularly
relevant groups.
Survival differences found in the discovery dataset were
diminished in the validation dataset. Inhomogeneity’s between
datasets that could confound comparisons including (1) age
(median age = 49 yrs. in discovery vs. 59 yrs. in validation
dataset), (2) patient populations (three institutions contributed
tumors to the discovery and eighteen to the validation dataset), (3)
treatment (there were large variations in treatment regimens in the
validation dataset). In addition, performance of the validation
dataset is typically not as robust as the discovery dataset [48].
One AKT subgroup was not found in the validation dataset
(C1). We know morphological heterogeneity can result in
inconsistent intra- and inter-observer diagnosis of grade and
histological type (astrocytoma, oligodendroglioma and mixed
oligoastrocytoma) [48,49,50]. Therefore C1 may be a histological
variant diagnosed as GBM and included in the discovery, but not
the validation dataset.
Figure 7. Subgroups have distinct patterns of expression for PI3K/AKT/mTOR pathway components. Tumors (x axis) were grouped by
AKT class then Z transformed mRNA (A) or protein and phospho-protein expression (B) color coded to reflect magnitude (y axis). The Pearson
correlation coefficient for AKT pS473 vs. RPS6 pS235/236 (light gray) and AKT pS473 vs. RPS6 pS240/244 (dark gray) for each subgroup is shown (C).
Proposed AKT/mTOR/S6 pathway map for the MES and SL subtypes based on this data (D). This model shows loss of AKT and mTOR inhibitors
(PHLPP, TSC and pAMPK) increases output of the AKT/mTOR/S6 axis (pRPS6) in the MES subgroup. Conversely, increased expression of these
inhibitors decreases output in the SL subgroup. Red, grey and green represent high, intermediate and low expression/activity, respectively.
doi:10.1371/journal.pone.0100827.g007
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GO term analysis suggests different cells of origin/dominant
biological processes for each subgroup (summarized in figure 8A
and B). The younger, longer surviving, SL patient subgroup with
molecular similarities to secondary GBM had terms associated
with both neuro- and glio-genesis suggesting a NSC cell of origin.
Indeed, the longer survival of these patients is consistent with the
quiescent nature of NSC. PROLIF tumors also contained neuro-
and glio-genesis terms in addition to terms related to mitosis,
spindle formation and cell cycle checkpoint. Literature suggests the
balance between symmetric and asymmetric cell divisions regu-
lates NSC [51] which is influenced by proteins with a role in
spindle formation and mitotic progression [52]. Based on this and
their aggressive nature we propose PROLIF tumors are derived
from NSC with enforced symmetric cell divisions that rapidly
expand the population (figure 8B). The ability of AKT classifica-
tion to group tumors by cell of origin would suggest a major role
for the PI3K/AKT pathway in neurodevelopment. This is
consistent with reports showing a role for pathway members in
NSC maintenance [53,54].
We suggest AKT-based classification will augment drug
development on many levels. This work indicates evaluating new
drugs using all GBM patients combined with different natural
courses and/or response to therapy can confound clinical trials. It
suggests incorporating AKT classification will improve clinical
trial design, decreasing their cost and maximizing the number of
therapeutics that can be evaluated. In addition, AKT based
classification may enhance drug discovery since new pathways and
drug targets will be easier to find in molecularly homogeneous
samples. We propose that robust molecular classification of GBM
could ultimately improve patient care by guiding therapeutic
planning, sparing patients ineffective treatments, both standard
and experimental, and focusing on strategies more likely to work.
Supporting Information
Figure S1 Consensus k-means heat maps for k = 2 to 10
generated with AKT pathway genes in the discovery
dataset (GBM195). Red indicates total consensus (consensus
index of 1) while white indicates no consensus (consensus index of
0).
(TIF)
Figure S2 Average expression of AKT pathway genes in
subgroups. Hierarchical clustering using AKT pathway genes
was used to group GBM patients and genes in the discovery (GBM
195) dataset. Tumors in the validation dataset were grouped by
AKT class keeping the same order of genes. The expression of
AKT pathway genes in each class was averaged and is shown as a
heatmap; red and green is high and low expression respectively.
(TIF)
Figure S3 Log2 (tumor/normal) DNA copy number in
subgroups. Amplifications (red) and deletions (blue) in sub-
groups (y axis) were determined by segmentation analysis of
normalized signal intensities from TCGA SNP arrays using
GISTIC and viewed with IGV by chromosomal location (x axis).
(TIF)
Table S1 Clinical information for tumors in GBM195.
(XLSX)
Figure 8. Summary of features in AKT subtypes. Clinical and molecular features of AKT subgroups are summarized in (A). Illustration of
proposed neurodevelopmental cell of origin for AKT subgroups based on GO terms (B). ND = not determined.
doi:10.1371/journal.pone.0100827.g008
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Table S2 AKT pathway gene classifiers used for the
discovery and validation datasets.
(XLSX)
Table S3 Distribution of clinical and molecular infor-
mation by subgroup in the discovery dataset (GBM195).
The table lists the number of tumors with the specified feature in
each subgroup in the discovery dataset. Features with statistically
significant enrichment in a subgroup after Bonferroni correction (p
, 0.05) are highlighted.
(XLSX)
Table S4 Distribution of clinical and molecular infor-
mation by subgroup in the validation dataset (TCGA).
The table lists the number of tumors with the specified feature in
each subgroup in the validation dataset. Features with statistically
significant enrichment in a subgroup after Bonferroni correction (p
, 0.05) are highlighted in dark grey. Features with statistically
significant enrichment in a subgroup before Bonferroni correction
are highlighted in light grey.
(XLSX)
Table S5 GO term analysis of genes differentially
expressed in subgroups. The % of individual tumors within
a subgroup that are enriched for a specific GO term is shown,
ordered by decreasing representation. GO terms enriched in $
40% of tumors are highlighted light grey. Neurodevelopmental
terms are highlighted with dark grey.
(XLSX)
Table S6 Focal DNA amplifications in subgroups. Copy
number alterations in subgroups were evaluated using GISTIC
and the q score for statistically significant focal DNA copy number
gains (q score , 0.25) listed. Focal copy number changes common
to all subgroups (q , 0.25 in all subgroups) are not reported.
(XLSX)
Table S7 Focal DNA deletions in subgroups. Copy
number alterations in subgroups were evaluated using GISTIC
and the q score for statistically significant focal DNA copy number
losses (q score , 0.25) are listed. Focal copy number changes
common to all subgroups (q , 0.25 in all subgroups) are not
reported.
(XLSX)
Author Contributions
Conceived and designed the experiments: AJ AR SK BF. Performed the
experiments: AJ AR IS MR. Analyzed the data: AJ AR IS MR AM WS
GM SK BF. Contributed reagents/materials/analysis tools: IS MR SK.
Wrote the paper: AJ AR SK BF.
References
1. Ohgaki H, Kleihues P (2007) Genetic pathways to primary and secondary
glioblastoma. The American journal of pathology 170: 1445–1453.
2. DeAngelis LM, Mellinghoff IK (2011) Virchow 2011 or how to ID(H) human
glioblastoma. Journal of clinical oncology: official journal of the American
Society of Clinical Oncology 29: 4473–4474.
3. Nigro JM, Misra A, Zhang L, Smirnov I, Colman H, et al. (2005) Integrated
array-comparative genomic hybridization and expression array profiles identify
clinically relevant molecular subtypes of glioblastoma. Cancer Res 65: 1678–
1686.
4. Phillips HS, Kharbanda S, Chen R, Forrest WF, Soriano RH, et al. (2006)
Molecular subclasses of high-grade glioma predict prognosis, delineate a pattern
of disease progression, and resemble stages in neurogenesis. Cancer cell 9: 157–
173.
5. Atlas TCG (2008) Comprehensive genomic characterization defines human
glioblastoma genes and core pathways. Nature 455: 1061–1068.
6. Bredel M, Scholtens DM, Harsh GR, Bredel C, Chandler JP, et al. (2009) A
network model of a cooperative genetic landscape in brain tumors. Jama 302:
261–275.
7. Mischel PS, Shai R, Shi T, Horvath S, Lu KV, et al. (2003) Identification of
molecular subtypes of glioblastoma by gene expression profiling. Oncogene 22:
2361–2373.
8. Noushmehr H, Weisenberger DJ, Diefes K, Phillips HS, Pujara K, et al. (2010)
Identification of a CpG island methylator phenotype that defines a distinct
subgroup of glioma. Cancer cell 17: 510–522.
9. Shen R, Mo Q, Schultz N, Seshan VE, Olshen AB, et al. (2012) Integrative
subtype discovery in glioblastoma using iCluster. PLoS ONE 7: e35236.
10. Verhaak RG, Hoadley KA, Purdom E, Wang V, Qi Y, et al. (2010) Integrated
genomic analysis identifies clinically relevant subtypes of glioblastoma charac-
terized by abnormalities in PDGFRA, IDH1, EGFR, and NF1. Cancer Cell 17:
98–110.
11. Brennan C, Momota H, Hambardzumyan D, Ozawa T, Tandon A, et al. (2009)
Glioblastoma subclasses can be defined by activity among signal transduction
pathways and associated genomic alterations. PLoS ONE 4: e7752.
12. Engelman JA (2009) Targeting PI3K signalling in cancer: opportunities,
challenges and limitations. Nature reviews Cancer 9: 550–562.
13. Wen PY, Lee EQ, Reardon DA, Ligon KL, Alfred Yung WK (2012) Current
clinical development of PI3K pathway inhibitors in glioblastoma. Neuro-
oncology 14: 819–829.
14. Huang TT, Sarkaria SM, Cloughesy TF, Mischel PS (2009) Targeted therapy
for malignant glioma patients: lessons learned and the road ahead. Neurother-
apeutics: the journal of the American Society for Experimental NeuroTher-
apeutics 6: 500–512.
15. Stambolic V, MacPherson D, Sas D, Lin Y, Snow B, et al. (2001) Regulation of
PTEN transcription by p53. Molecular cell 8: 317–325.
16. Singh B, Reddy PG, Goberdhan A, Walsh C, Dao S, et al. (2002) p53 regulates
cell survival by inhibiting PIK3CA in squamous cell carcinomas. Genes &
development 16: 984–993.
17. Moelling K, Schad K, Bosse M, Zimmermann S, Schweneker M (2002)
Regulation of Raf-Akt Cross-talk. The Journal of biological chemistry 277:
31099–31106.
18. Wan X, Harkavy B, Shen N, Grohar P, Helman LJ (2007) Rapamycin induces
feedback activation of Akt signaling through an IGF-1R-dependent mechanism.
Oncogene 26: 1932–1940.
19. Han EK, Leverson JD, McGonigal T, Shah OJ, Woods KW, et al. (2007) Akt
inhibitor A-443654 induces rapid Akt Ser-473 phosphorylation independent of
mTORC1 inhibition. Oncogene 26: 5655–5661.
20. Manning BD, Cantley LC (2007) AKT/PKB signaling: navigating downstream.
Cell 129: 1261–1274.
21. Freije WA, Castro-Vargas FE, Fang Z, Horvath S, Cloughesy T, et al. (2004)
Gene expression profiling of gliomas strongly predicts survival. Cancer research
64: 6503–6510.
22. Yuan TL, Cantley LC (2008) PI3K pathway alterations in cancer: variations on
a theme. Oncogene 27: 5497–5510.
23. Alfarano C, Andrade CE, Anthony K, Bahroos N, Bajec M, et al. (2005) The
Biomolecular Interaction Network Database and related tools 2005 update.
Nucleic Acids Research 33: D418–424.
24. Rafael. A. Irizarry BMB, Collin F, Cope LM, Hobbs B, et al. (2003) Summaries
of Affymetrix GeneChip probe level data. Nucleic Acids Research 31: e15.
25. Monti S TP, Mesirov J, Golub T (2003) Consensus clustering: A resampling-
based method for class discovery and visualization of gene expression microarray
data. Machine Learning 52: 91–118.
26. Rousseeuw P (1987) Silhouettes: A graphical aid to the interpretation and
validation of cluster analysis. Journal of Computational and Applied Mathe-
matics 20: 53–65.
27. Beroukhim R, Getz G, Nghiemphu L, Barretina J, Hsueh T, et al. (2007)
Assessing the significance of chromosomal aberrations in cancer: methodology
and application to glioma. Proc Natl Acad Sci U S A 104: 20007–20012.
28. Robinson JT, Thorvaldsdottir H, Winckler W, Guttman M, Lander ES, et al.
(2011) Integrative genomics viewer. Nature biotechnology 29: 24–26.
29. Misra A, Pellarin M, Nigro J, Smirnov I, Moore D, et al. (2005) Array
comparative genomic hybridization identifies genetic subgroups in grade 4
human astrocytoma. Clin Cancer Res 11: 2907–2918.
30. Dunnett CW (1955) A multiple comparison procedure for comparing several
treatments with a control. Journal of the American Statistical Association 50:
1096–1121.
31. Kutner MH, Nachtsheim C, Neter J, Li W (2005) Applied Linear Statistical
Models. New York: McGraw-Hill.
32. The Cancer Genome Atlas NCI, National Institutes of Health, Bethesda, MD.
Available: http://cancergenome.nih.gov/.
33. West KA, Castillo SS, Dennis PA (2002) Activation of the PI3K/Akt pathway
and chemotherapeutic resistance. Drug Resist Updat 5: 234–248.
34. Burton EC, Lamborn KR, Feuerstein BG, Prados M, Scott J, et al. (2002)
Genetic aberrations defined by comparative genomic hybridization distinguish
long-term from typical survivors of glioblastoma. Cancer research 62: 6205–
6210.
AKT Subtypes in Glioblastoma
PLOS ONE | www.plosone.org 11 July 2014 | Volume 9 | Issue 7 | e100827
35. French PEL, Gravendeel L, Rooi J, Eiler P, Idbaih A, et al. (2012) Intrinsic
molecular subtypes of glioma are prognostic and predict benefit from adjuvant
PCV chemotherapy in anaplastic oligodendroglial brain tumors: A report from
the EORTC study 26951Y 26951 Neuro Oncol 14: OM–21.
36. Balss J, Meyer J, Mueller W, Korshunov A, Hartmann C, et al. (2008) Analysis
of the IDH1 codon 132 mutation in brain tumors. Acta neuropathologica 116:
597–602.
37. Ichimura K, Pearson DM, Kocialkowski S, Backlund LM, Chan R, et al. (2009)
IDH1 mutations are present in the majority of common adult gliomas but rare in
primary glioblastomas. Neuro-oncology 11: 341–347.
38. Parsons DW, Jones S, Zhang X, Lin JC, Leary RJ, et al. (2008) An integrated
genomic analysis of human glioblastoma multiforme. Science 321: 1807–1812.
39. Turcan S, Rohle D, Goenka A, Walsh LA, Fang F, et al. (2012) IDH1 mutation
is sufficient to establish the glioma hypermethylator phenotype. Nature 483:
479–483.
40. Haruta T, Uno T, Kawahara J, Takano A, Egawa K, et al. (2000) A rapamycin-
sensitive pathway down-regulates insulin signaling via phosphorylation and
proteasomal degradation of insulin receptor substrate-1. Molecular endocrinol-
ogy 14: 783–794.
41. Harrington LS, Findlay GM, Gray A, Tolkacheva T, Wigfield S, et al. (2004)
The TSC1-2 tumor suppressor controls insulin-PI3K signaling via regulation of
IRS proteins. The Journal of cell biology 166: 213–223.
42. Efeyan A, Sabatini DM (2010) mTOR and cancer: many loops in one pathway.
Current opinion in cell biology 22: 169–176.
43. Hartley D, Cooper GM (2002) Role of mTOR in the degradation of IRS-1:
regulation of PP2A activity. Journal of cellular biochemistry 85: 304–314.
44. Huang J, Dibble CC, Matsuzaki M, Manning BD (2008) The TSC1-TSC2
complex is required for proper activation of mTOR complex 2. Molecular and
cellular biology 28: 4104–4115.
45. Dasgupta B, Yi Y, Chen DY, Weber JD, Gutmann DH (2005) Proteomic
analysis reveals hyperactivation of the mammalian target of rapamycin pathway
in neurofibromatosis 1-associated human and mouse brain tumors. Cancer
research 65: 2755–2760.
46. Banerjee S, Crouse NR, Emnett RJ, Gianino SM, Gutmann DH (2011)
Neurofibromatosis-1 regulates mTOR-mediated astrocyte growth and glioma
formation in a TSC/Rheb-independent manner. Proceedings of the National
Academy of Sciences of the United States of America 108: 15996–16001.
47. Johannessen CM, Reczek EE, James MF, Brems H, Legius E, et al. (2005) The
NF1 tumor suppressor critically regulates TSC2 and mTOR. Proceedings of the
National Academy of Sciences of the United States of America 102: 8573–8578.
48. Everitt B (2006) The Cambridge dictionary of statistics. New York: Cambridge
University Press.
49. Coons SW, Johnson PC, Scheithauer BW, Yates AJ, Pearl DK (1997) Improving
diagnostic accuracy and interobserver concordance in the classification and
grading of primary gliomas. Cancer 79: 1381–1393.
50. Mittler MA, Walters BC, Stopa EG (1996) Observer reliability in histological
grading of astrocytoma stereotactic biopsies. Journal of neurosurgery 85: 1091–
1094.
51. Gotz M, Huttner WB (2005) The cell biology of neurogenesis. Nature reviews
Molecular cell biology 6: 777–788.
52. Sakai D, Dixon J, Dixon MJ, Trainor PA (2012) Mammalian neurogenesis
requires Treacle-Plk1 for precise control of spindle orientation, mitotic
progression, and maintenance of neural progenitor cells. PLoS genetics 8:
e1002566.
53. Groszer M, Erickson R, Scripture-Adams DD, Dougherty JD, Le Belle J, et al.
(2006) PTEN negatively regulates neural stem cell self-renewal by modulating
G0-G1 cell cycle entry. Proc Natl Acad Sci U S A 103: 111–116.
54. Sinor AD, Lillien L (2004) Akt-1 expression level regulates CNS precursors.
J Neurosci 24: 8531–8541.
55. Brennan CW, Verhaak RG, McKenna A, Campos B, Noushmehr H, et al.
(2013) The somatic genomic landscape of glioblastoma. Cell 155: 462–477.
56. Network TCGAR (2008) Comprehensive genomic characterization defines
human glioblastoma genes and core pathways. Nature 455: 1061–1068.
AKT Subtypes in Glioblastoma
PLOS ONE | www.plosone.org 12 July 2014 | Volume 9 | Issue 7 | e100827
